Mesh Puppetry:
Cascading Optimization of Mesh Deformation with Inverse Kinematics

Xiaohan Shi Kun Zhod  Yiying Tong? Mathieu Desbruh Hujun Bao Baining Gud
State Key Lab of CAD&CG, Zhejiang University TMicrosoft Research Asia *Caltech

Abstract

We presentmesh puppetrya variational framework for detail-
preserving mesh manipulation through a set of high-level, intuitive,
and interactive design tools. Our approach builds upon traditional
rigging by optimizing skeleton position and vertex weights in an
integrated manner. New poses and animations are created by spe
ifying a few desired constraints on vertex positions, balance of the
character, length and rigidity preservation, joint limits, and/or self-
collision avoidance. Our algorithm then adjusts the skeleton and
solves for the deformed mesh simultaneously through a novel cas
cading optimization procedure, allowing realtime manipulation of
meshes with 5+ vertices for fast design of pleasing and realistic
poses. We demonstrate the potential of our framework through ar
interactive deformation platform and various applications such as
deformation transfer and motion retargeting.

Keywords: Mesh deformation, nonlinear optimization, inverse
kinematics, geometry processing.

Figure 1:Armadillo Olympics: The Armadillo model (top left) can be deformetdke
various sport poses in a matter of seconds. Its body automaticalhs lEaward and
raises its left leg backward to keep balance when trying to reach thesyeai ed (red)
Recent years have seen the emergence of detail-preserving mesfget (shot put, bottom left). Fixing only the positions of itatiaand feet is enough to
deformation techniques [Sorkine et al. 2004; Yu et al. 2004; Lip- ™Make the Armadillo look like itis bouncing off a springboardjhdiving, top right);
man et al. 2005: Zhou et al. 2005: Botsch et al. 2006] offering o_r the pose of a s_prlnt athlete on the nish I|ng (_100m, bottoght). With simple,
S ! . 0 . high-level constraints on length, balance, and joint angles, oaméwork offers an
a P(?W‘?rfm ?'temat'\/e to free-form deforr.natﬁon fpr d|reCt. manip-  jnwitive and realtime tooto design pleasing and/or realistic poses while preserving
ulation of high-quality meshes. Howeveigging (i.e., adding a ne-scale geometric details.
skeleton to control and animate a mesh) remains a preferred way
in the graphics industry to ef ciently design poses and deforma-
tion: a properly-designed skeleton can be quickly and easily ma-
nipulated to deform the posture of a character, then skinning (or
“binding”) is used to match the ne-detail shape of the mesh to
the bones' positions. While these approaches to mesh deforma-
tion both have their pros and cons, neither allows for interactive
design of high-quality, large-scale or ne-scale deformation of de- . . ) )
tailed meshes. In this paper, we propose to combine mesh deformaMesh Deformation  Early detail-preserving mesh deformation
tion techniques and skeleton-based rigging to afiesh puppetry techniques were based on multi-resolution technlqu_es [Zorin et al.
a fast, intuitive, and general tool for mesh manipulation and mo- 1997; Kobbelt et al. 1998; Guskov et al. 1999, offering mostly lo-
tion retargeting. At the core of our method is a novel optimization C&l shape control. To allow for more global and complex deforma-
procedure which enforces the user-selected deformation constraintdion, many authors proposed to cast mesh deformation as an energy

onto a mesh through a cascading, multi-threaded process—makingmi”imization problem [Sorkine et al. 2004; Yu et al. 2004; Lipman
mesh puppetry viable even on regular PCs. et al. 2005; Nealen et al. 2005; Zayer et al. 2005; Zhou et al. 2005;

Lipman et al. 2006; Shi et al. 2006]. Typically, the energy function-
als used in these techniques contain terms to preserve detail (of-
Te-mailf kunzhou,baingug@microsoft.com ten through Laplacian coordinates), as well as position-constraint
¥e-mail: f yiying, mathieg@caltech.edu terms to allow for direct manipulation. Introducing more terms in
the optimization €.g, volume or skeleton constraints) was even ad-
vocated in [Huang et al. 2006] as a convenient way to design more
complex deformation with ease, without the traditional shearing ar-
tifacts appearing in large scale deformation. However, these exist-
ing techniques do not currently scale: the optimizations involved
are often nonlinear and require slow-converging Gauss-Newton it-
erations. This limitation can be overcome through a coarser mesh
embedding (usingg.g, mean value coordinates [Ju et al. 2005]) at
the price of signi cantly less design control. Recent progress pro-
posed to handle deformation via a mesh-based Inverse Kinematics,
and to “learn” the space of natural deformations from a series of

1 Introduction

1.1 Related Work

Our approach is related to a long series of work on mesh and skele-
tal deformation; we only cover the most relevant references below.




example meshes [Sumner et al. 2005; Der et al. 2006], enhanc-However, this task presents many challenges. First, a deformation

ing the ef ciency of deformation design by restricting the results energy involving variables as different as vertex positions and bone

to acceptable ones. Our paper offers a quite different solution to atransformations is delicate to formulate. Second, traditional IK con-

similar problem by removing the need for example meshes and by straints are highly nonlinear, sometimes even involving inequalities.

formulating a large set of (mostly nonlinear) constraints to de ne Finally, using existing mesh deformation solvers to solve these non-

the kinematic behavior of the character. linear constraints would, even with multigrid strategies, lead to poor
performance, ruling out interactive applications.

Skeleton Subspace Deformation and Rigging Skeleton Sub-

space Deformation (SSD) [Magnenat-Thalmann et al. 1988] and 1.3 Contributions

several variants have been used in the graphics industry for quite

some time as a natural and ef cient representation for character In this paper we presemhesh puppetrya variational framework

animation in games and Ims. However, while their success lies
in restricting deformation to a particular subspace for ef ciency,

the characteristic “collapsing joint” defect (see Figure 7) as well as
the tedious tweaking of vertex weights are well known shortcom-
ings. Despite signi cant improvements [Lewis et al. 2000; Mohr

et al. 2003] to allow for easier mesh manipulation and interpola-
tion, these rigging tools do not allow for fast design of really com-

plex deformation.

for detail-preserving mesh deformation through a set of high-level,
intuitive design tools. Although we make use of a simpli ed skele-
tal representation of the mesh in our algorithm to speed up the
treatment of large deformation, the usdrectly manipulates the
mesh New poses and animations are created by specifying a
few desired constraints on either vertex positions, balance of the
character, length and rigidity preservation, or joint limits. Given
these constraints, our algorithm adjusts the skeleton and solves for

the deformed mesh simultaneously through a novel cascading op-

Inverse Kinematics  Inverse Kinematics (IK) techniques are now ~ timization procedure, allowing realtime manipulation of meshes
very mature, offering robust and ef cient solutions to on-line or off-  With 50K+ vertices. These contributions result in interactive mesh
line postural controlof complex articulated gures [Badler et al. ~ Puppetry as the high-level constraints de ned in this paper induce
1987; Zhao and Badler 1994; Boulic et al. 1997]. Unlike mesh Pleasing and realistic poses (see Figure 1). We demonstrate the po-
deformation techniques that focus on shape and detail preservationtential of our framework through an interactive deformation system
IK allows ef cient design oflarge-scale deformation of skeletal g- and several applications such as animation transfer and motion re-
uresthrough optimization of an energy functional in the null space targeting.

of constraints. Current methods [Yamane and Nakamura 2003;

Baerlocher and Boulic 2004; Le Callennec and Boulic 2006] even 2 Set-Up and Nomenclatures

handle the ful liment of con icting constraints through prioritiza-

tion, offering robust posture design. We assume that the user has, as an input, a reference (triangle) mesh

M (with V vertices) and a rough skelet@ of this mesh (repre-
sented as a graph made outBfones, see Figure 2). We also
assume that, along with the skeleton, the corresponding partition of

motions. Indeed, a skeleton provides a very natural and intuitive un- it i associated with. Note that if only the mesh is known, existing
derlying structure to the mesh: the skeleton is “carrying” the mesh Skeletonization techniques.{, [Teichmann and Teller 1998]) can
like skin around bones. Each bone in the skeleton in uences (at Provide both the skeleton and the corresponding partition automat-
least locally) the shape and position of the mesh such that, as thelcally. Alternatively, the user can manually create the skeleton and
skeleton is animated, the surrounding mesh geometry moves ac_’[he corresponding partition very ef ciently (the camel's skeleton in
cordingly and re ects the current pose of the skeleton. In practice, Figure 19 was created in three minutes from scratch).

a “skinned mesh” is animated by simply moving its skeleton, and

the mesh follows—often with unpleasant consequences (local arti- 2.1  Skinned Mesh

facts), particularly near joints. On the contrary, mesh deformation

based on functional optimization and differential coordinates is usu- We denote by; the (3D) position of a vertex of the reference mesh
ally applied to the design of high-qualisfaticposes. Although the M and byX = fX;;i 2 [1::V]g the vector of all these positions. We
resulting meshes can be made artifact-free (with nonlinear energywill be looking for adeformedpose ofM , i.e., for another mesh
minimization), the time complexity involved in practice inhibits di- ~ with the exact same connectivity, but a new set of vertex positions
rect manipulation for animation. In this paper, we thus propose to X = fx;;i 2 [1::V]g. To express these mesh coordinates, we use the
mix these two approaches into a uni ed framework. Our mesh pup- now traditional skinned mesh setup: the deformation is encoded
petry approach uses an approximate skeletal structure of a mesh ta@s one af ne transformatiof, per bone, and 8 V matrix of
enable fast design of large scale deformation while optimizing the weightswW = fwy,;v 2 [1::V];b 2 [1::B]g, such that:

induced local deformation to maintain small-scale features.

1.2 Approach and Challenges

2 v. "
a WyiTp X
b2bones

Xj =

1)

Each vertex position is thus de ned as a linear combination of the
locations where the vertex would be if it was only following the
transformation imposed by a neighborhood bone. If we Tatie
row vector of all matricedy,, the deformed mesK is concisely
expressed through:

X=TWX:

Note that the matri}V is extremely sparse: a vertex only has blend-
ing weights to its associated bone and possibly to the direct neigh-
boring bone(s) if the vertex is near a joint.

Figure 2:Reference meshes and skeletons used in this paper.



—2 v, whereE encapsulates a set of constraints that the deformation must

P R - A" T satisfy. We will show in the next section how to deal with con-
\C _by v venient constraints that make the design of new poses easy and
K \ s intuitive. In particular, we will use Laplacian constraint for the
0 vi W A v preservation of surface details (similar to, for instance, [Huang
o Vb et al. 2006]); position constraints to allow direct manipulation of
(a) (b) the mesh for intuitive design; and Inverse Kinematics constraints

(on balance and bone lengths in particular) that guarantees natural
Figure 3:(a) Tetrabone: given a bonesh PQ (P and Q being joints), we introduce two  poseswith minimal user interaction
points R and S such that the tetrahed(®Q; R; S) is regular. This tetrahedron, asso-
ciated to bone b, is called its tetraboiig. (b) Bone Transformation: the bone b and
its associated tetrabone is in its original pogg(on the left), and in its deformed pose

W, (on the right). The tetravertices can be used to capture any af ne toamsftion . X . .
T, that the bone undergoes. In this section, we elaborate on the constraints offered in our frame-

work. Each constraint is implemented through the addition of an
energy term to the global deformation energy. We also present in-
equality constraints (namely, the joint limit and the balance con-
straints), implemented as conditional energy terms.

3 Deformation Energy and Constraints

2.2 Tetrabones to Encode Transformation

In order to optimize position only (instead of both positions and
transformation, thus avoiding the use of trigonometric functions in
the optimization procedure), we associate to each bone two addi- - .

The rst and foremost energy term we will introduce in our defor-

tional, virtual vertices so as to create a non-degenerate tetrahedronmation energy is the Laplacian constraint described in [Huang et al
The initial construction is trivial: for each bore= PQ (P andQ 9y p 9 )

being joints), we introduce two poinBandSsuch as the tetrahe- 2006], usingLaplacian coordinategSorkine et al. 2004] to pre-
dron(P,Q; R.’S) is regular (see Figure 3). This tetrahedron, associ- serve the surface details of the undeformed mesh. Another simple,
ated to’ bénéb is called itstetraboneTy, 'and its vertices (tﬁat we yet essential constraint is to allow the user to assign a target position

ety o O e and S ol o o 1o S e vers g ea oo fmesh vt
tices(V; v2;V3; vg) to avoid any confusion with mesh vertices. 9y p

3.1 General Constraints

our solver is:
With those tetrabones in place on the undeformed néshwe ) 1
can now capture any af ne transformatidn, that a bone under- AX R 7 with: AX = — é aixi (5)
goes through the displacement of its tetravertices (see Figure 3). If ajz1 aj iy

we callV}, the matrix with each column being the original homoge-
neous coordinates¢., with 1 as the last coordinates) of the vertices  wherel is the set of indices corresponding to the vertices involved,
(Vi & vE v, andVy, a similar matrix but now with the homo-  the aki)'s are év?ght_sr,] and is the target position. This forbmulatlon_
; 2.1/3. /4 can be used for either vertex-position constraints or arbitrary point
fgoellr:)%gz ﬁr?g;?lpe?;?;r?ft:ir\]/?aﬁ; E)(;?Jg:d tetralfofievt; vi; vi). the constraints. Note that these two constraints involve both tetrabones
and mesh vertices. Next we describe energy terms depending solely
Vp = Tbvb3 onV orW.

Provided thaVy, is a full-rank matrix (since the initial tetrahedron 3.2 Constraints on Tetrabones Only
is regular, thus non-degenerate), we simply get:
Constraints on tetrabones can be quite powerful at preventing a pose

Tp= VpVp 1 @) from being grossly distorted or kinematically unnatural.
o ) Length Constraint ~ Controlling the change in length of the bones
Substituting Eq.(2) into Eq.(1), we get is particularly useful when dealing with humanoid gures. We im-
! plement such a length constraint by adding an energy term of the
i = é_ VRVAYE S form: . )
i = biVbVh it v .
b2bones - a kvi ka L'J ()
(i;j)2bones

) ) 1 wherev; andv; are the position of jointsand j, respectively, and
Thus if we de neV as the roEvelctor of aW, matricesand/ ™ as Lij is the original (or more generally, the desired) length of bone
block-diagonal matrix of alVy, ~, we now can write our skinned
mesh setup as a function of only the mesh vertices and the tetraver-
tices:

X=VV 'wx: 3)
2.3 Objective Function

With this setup, we can de ne the variational problem that our mesh
puppetry algorithm is based upon: we look for a deformed mesh
M with vertex positionsX (as a function o/ andW) such that it
minimizes aglobal deformation energl¢:

_ . . Figure 4:Length Constraint: The Armadillo's right hand is dragged vetitis left hand
M = arg“]'”f E(X) ! (4) and the feet are held xed (left). Without length constraint, the botdtes out to t
X=VV "WX the point constraint (middle). With length constraint, no straighbccurs (right).



(i; j). Figure 4 shows an example of the effects of this constraint by
comparing two poses, one without and one with this energy term.
Although our length constraint resembles the skeleton constraint
in [Huang et al. 2006], note that our formulation uses the skeleton
instead of the mesh; we will also show in Section 4.2 that our solver
will provide much improved convergence rates (factor 30) when

dealing with this particular constraint.

Rigidity Constraint If we not only want the bones to keep their
length, but also wish the skin around them to mostly deform as a Figure 6: Balance Constraint: a user drags the right hand of the Armadiith its
rigid object, we can use a stronger version of the length constraint right foot held xed (left). Without balance constraint, the Armémlifeems to lean

where we now have one Iength-based penalty tpemtetrabone excessively (middle). With balance constraint, the Armadillo (naridans its body
edge forward trying to reach the target point while (even more naturatbiping its left leg

° 2 backward to keep its balance (right). The small green sphere showsdjeetion of
a Vi Vj |ij the center of mass onto the oor, while the small red sphere shosvtatiyet position
(i;j)2tetra(b) of barycenter at the border of the red polygon (demarcating the supgpatiea).

wheretetra(b) is the tetrabond, v; andv; are the position of
tetravertices and j, respectively, whild;j is the original distance ]
between tetravertice'sandj_ Forcing each edge of the tetrabone to Joint Limit Constraint Joints of skeletal structures often have

be of equal length amounts to imposingigid body transforma- restricted ranges. Such joint limit constraints can be enforced by
tion of the bone: it renders the deformation of each limb as rigid as Simply introducing an energy term to the minimization process. We
possible. Figure 5 illustrates the effects of this constraint. control the relative orientation between two adjacent bones by sim-

ply constraining thelistancedbetween their corresponding tetraver-
tices. For two boneb; andby, if a joint angle is exceeding the
prescribed limit, we add a term of the form:

a Vi vj) G
(i;])2 pairgby;by)

wherev; andv; are the position of tetravertices from each bone,
and gj is thetarget vectorbetween them to enforce the correct
limit angle; pairgbs;by) denotes the few pairs of tetravertices of
b, andb, required to resolve the joint limit currently violated. The
pairs involved in this energy term depend on whether the joint limit
Figure 5: Rigidity Constraint: The Dinosaur's right foot is dragged iehits right is imposed Iaterally (rotation, see Figure 7)’ or axiaIIy (twisting, see

hand and left foot are held xed (left). Without rigidity, the righegl signi cantly Figure 8) We will detail these terms in Section 4.2
shrinks (middle). With rigidity, the model recovers its normal legh(tig ' -

Balance Constraint A particularly nice tool for mesh puppetry
is to automatically constrain a new pose to be physically realizable.
To keep their balance, humanoid characters must have their center
of mass above their supporting areag, above the convex hull of
the vertices touching the ground). Enforcing this constraint guaran-
tees a well-balanced, thus visually-plausible pose [Baerlocher and
Boulic 2004]. Let's rst examine how to achieve this balance con-
SFralm by fqrcmg the projection of the barycenter onto the 0.0r toa Figure 7: Lateral Joint Limit: a user drags the horse's hoof up (left). Withmint
9lven E)OSIthI’g. We rst precompute the barycenter and esnm_ated limit constraint, the mesh self-intersects (second). Our joint limist@mt prevents
mass” of gach bong based on the local VOlume$ of the partition of the foreleg of the horse from bending too much; however, the jodks collapsed
the mesh in the original pose. The new baryceriter, the center (third). After our full-space postprocessing of the vertices near jqses Section 4.4),
of mass of a deformed pose, will thus be the mass-weighted sum ofthe leg looks natural while the lateral angle limit is still méined (right).
these barycenters once their corresponding af ne transformations
are applied. We implement this idea by adding the following en-
ergy term:
kGV gk?

whereG is a matrix which map¥/, using the precomputed bone
masses and a projection onto a given oor, to the location of the
barycenter of the deformed mesh.

We found that a more general balance constraint, where the cen-
ter of mass ixonstrained to be over a given (convex) amfahe

oor, is more helpful for fast design. Thus, we propose to turn this
constraint on or offwithin the solver depending on whether the
current center of mass is over the desired area: when activated, the

constraint uses a target locatigrwhich is the closest point from 3.3 Constraints on Vertex Weights Only

the current projection on the oor to the desired area. As Figure 6

demonstrates, such a simple constraint results in the ability to get Smooth dependence of the vertices on the transformation of the
natural poses with very little user input. bones is nally added through an energy term that penalizes strong

Figure 8:Axial Joint Limit: the Armadillo's arm is twisted by the user vits shoul-
der xed (left). Without this constraint, the arm twists excessively (le)ddVith the
constraint, the twisting is automatically limited, and the douks natural.



s=0
repeat
/| PERFORM ONEV-PHASE
for i = 1 to v-step-cnto
I s-th iteration in convergence sequence
S++
I/ For each (active) level
for k= 1 to min(s;5) do
/I m-th iteration on this level k
m=s k
/' Sum up rst k constraints
E=a*,E(mK
Linear solve to geM [™K = arg minE
/l PERFORM ONEW-PHASE
for i = 1 to w-step-cntdo
E=E(M )+ Bv(M)
Linear solve to geM = arg minE
until (convergence criterion met)

Figure 9:Pseudocode of our solver.

local variations of the skin weights. This smoothness constraint,
dependentnlyonW, is enforced as follows:

1 2 '
. - é ij

o

a

Whi2 W

1

W (7)

o
a Wi
b2B

o
a
i2[1:V]

wherei is the index of the vertexXy is the index of the bone and
N (i) is the one-ring neighborhood of vertexThe reader will no-
tice that the rstterm of this energy effectively tries to annihilate the
biLaplacian of the weights (by minimizing the Laplacian squared),
a well-known way to regularize a scalar eld. We opted not to use

we propose a custom optimization scheme (we give pseudocode in
Figure 9).

Alternating Phases First, we leverage the fact thAtis a linear
function of V whenW is held xed, and a linear function o#v
whenV is xed, by adopting a Lloyd-like approach [Lloyd 1982].
That is, we nd the optimal deformed mesh by alternating between
optimizations ofV with W xed and of W with V' xed: each op-
timization phase is still a nonlinear problem, but with signi cantly
less variables. We will caW-phasethe optimization ol only, and
W-phaseéhe other optimization.

V-phases Note that some constraints involved in our optimiza-
tion are more stringent than others; while the position constraint
alone can be optimized through a simple linear solve, the other
constraints are nonlinear, and the balance and joint limit constraints
are inequality constraints. Moreover, constraints can be con ict-
ing: some deal witlletail preservation, while others contialrge-
scaledeformation. The mixed nature of these constraints makes
any brute-force numerical attempt to optimize the total objective
function in the V-phase inef cient. After trying several optimiza-
tion strategies, we settled for a cascading objective optimization
method, where objective increments are added in cascade to the
optimization procedure to accelerate convergence as described in
Section 4.2.

W-phases Contrary to a V-phase, a W-phase contains very few
contraints (only the Laplacian, position, and smoothness con-
straints) that are straightforward to minimize. Hence, we perform a
traditional iterative method to optimize this objective function.

Polishing Phase ~ When high quality results are desired, a nal
phase is added to rectify the vertex positions around joints, as our

the geometric Laplacian matrix of the original mesh to avoid any SSD-based approach can suffer from the “collapsing joint” effect
numerical issue due to negative cotangents. Instead, we use thdOr €xtreme poses (see Figure 7).

graph Laplacian, as it suf ces to make the weights well-behaved
without creating geometric artifacts. Notice that this smoothness
constraint also takes care of the usual over tting issues reported in,
for instance, [James and Twigg 2005]. The last term of the energy is
added to get the weights of the vertices around the joints to form a
partition of unity. Although this condition is unnecessary for static
poses, getting to be close to a unit sum for each vertex's weights
will guarantee that if a rigid transformation is applied to the skele-
ton during modeling, the vertices will follow rigidly and thus will
require no optimization.

4 Custom Solver through Cascading Optimization

Now that all the different energy terms have been described, one
could directly apply a nonlinear solver (such as sequential quadratic
programming) to the total energy in order to solve for the deformed
mesh. Given the number of unknowns involved in the solve, this

turns out to be quite a herculean task for large meshes—preventing

any hope of realtime manipulation. In this section we present our
optimization procedure, which exploits the structure of the problem
to optimize ef ciency.

4.1 Overview of Solver

We are looking for a deformed pose= VV WX such thatx
minimizes the energy functional we de ned. Optimizing férand
W simultaneously is intractable, due to the number of unknowns in-
volved and the highly nonlinear nature of the total endfgyn or-

Note nally that every iteration performed during this optimization
procedure (be it for the V-phase or the W-phase) consistsofia

ple linear solve as in the Gauss-Newton method and as advocated
in [Huang et al. 2006], we deal with the nonlinear optimization us-
ing repeated quadratic approximations.

4.2 V-Phase: Cascading Objective Optimization

Our V-phase is devised to optimize the af ne transformation (via
the positionsV of the skeleton's tetrabones) applied to each skele-
ton bone, in order to minimize the objective function containing
(some of, or all) the constraints mentioned in Section 3.

[0,1] [1,1] [2,1] [3,1] [4,1] [5.1]

[0,2] [1,2] [2,2] [3,2] [4.2]

[0,3] [1.3] [2.3] [3.3]

[0,4] [1,4] [2,4]

[0.,5] [1.5]

Figure 10: Cascading Algorithm: each row represents the work ow of a thread.
M ™K denotes the result from the m-th state of thread k while the arradisate
data dependency. A new state is solved for as soon as all its prefeguase nished
so as to exploit thread parallelism. Note that there are many waymtallelize this
process: a thread per line or per diagonal are the two most obvioualledization

der to reach interactive speed at least for moderately large meshese iques that this dependency graph calls for.



Threads with Increasing Number of Constraints We divide

the V-phase into severtiireads in which increasingly-constrained
optimizations are performed in parallel. Instead of using all the
constraints at once, we rst start a thread that evolves the mesh from
its current shape towards satisfyiogly the most basic constraints

In parallel, we start a second thread of optimization which now uses
the results of the rst thread as initial conditions, and an objective
function including the basic constraindus one moreconstraint,

and so on (see Figure 10). The nal thread contains all the desired
constraints, and will result in the nal, deformed mesh (Figure 11
illustrates the results of each thread on a simple example).

This may, at rst glance, seem like a lot of additional operations
to perform compared to a regular optimization of the total energy;
but optimizing fewer constraints is very ef cient, and using the re-
sult of a previous thread to guide a later thread gi#atly bene t

the ef ciency of the solver, making the optimization process more
stable and ef cient. We will show that thisascading approach
accelerates convergence signi cantly, and is easy to implement on
multicore processors. A byproduct of this cascading increment-
objective approach is that the terms in earlier threads are better min-
imized, which allows us to de ne the order in which constraints are
added according to their respective importance. Note that the idea
of adding constraints one at a time during the optimization was al-
ready proposed in genetic algorithms [Chen and Guan 2004]; we
pushed this idea further by using concurrent threads which feed on
each other to accelerate convergence.

Figure 11:Final States of Each Thread: from left to right, the deformatiesults of
each thread for a 2-link stick being bent (rest pose, Laplacian andipogonstraints,
balance constraint added, length constraint added, joint limitst@int added, and
rigidity constraint added).

Optimization Procedure Each optimization step is achieved by
taking only partial sums of quadratic approximations of the vari-

ous constraint energies, making use of the results of earlier steps

to guide later steps. We now detail each of the ve threads of our
cascading optimization procedure described in Figure 9. We will
denote the optimization result from tme-th state of thread as

M [™K which contains the positions of all the mesh vertig&g!

and of all the tetraverticeg™K,

1. Laplacian and Position ConstraintsWe implement Laplacian
constraint by adding the following energy term into the deforma-
tion energy:

} ~ W 2
Ei(mk) = LX[MK  gx[m 1K (8)

wheredX[M LK js de ned (as in [Huang et al. 2006]) as:

Lx [m LK

ax[m Lk - =2~
dx LX [m 1K

whereX is the mesh in rest pose. This means that we use the
Laplacian coordinates of thgreviousresult of the same thread

as the target direction, while taking the magnitude of the origi-

nal Laplacian coordinates as the target magnitude. This is sim-
ply a linearization of the Laplacian constraint energy term, which

will therefore help preserving the surface details of the unde-
formed mesh. As for position constraints, their implementation

is achieved by adding:

i 2
E(mk+= Ax[™ R

whereA andR are de ned in Eq. (5) to impose the desired point-
constraints on top of detail preservation.

2. Balance constraintTo deal with the balance constraint, we
rst need to test whether the current barycenter lies over the de-
sired region. This is easily done using the mat@xde ned

in Section 3.2 by checkingV[™k 1. |f the constraint must be
activated, we add the following energy term:

2

Ez(m, k) = Gv[m;k] g[m;k l]

where g™k 1 js the closest point from the center of mass of
M [mk 11 {5 the supporting area as de ned in 3.2.

3. Length Constraint We implement our length constraint by

adding the following energy term:

mk 1] ng:k 1 2
- Lij

VEm,k 1y

\

[m;
1K 1K i
B(mil= (™ ™)
i

kvi™

which corresponds to a linearization of the deformation energy
de ned in Section 3.2 around thgreviousresult. This implemen-
tation, although similar to the one in [Huang et al. 2006], differs
by the fact that the direction of the bones are guided by the de-
formation result of the previous thread, amot the deformation
result from the previous iteration of the same thread. The differ-
ence is signi cant: their convergence rate was impaired by try-
ing to maintain the directions of the last iteration. Instead, we
rely on the result of the previous thread, whicmist using the
length constraint. As a result, on a simple example like a rotating
bone (illustrated in Figure 12), our length-constraint algorithm
converges more than one order of magnitude faster. We measured
an average improvement factor of 30 on complex models for this
particular energy optimization.

rest #2 #5 #20 #150

Figure 12: Convergence of Length Constraint: when the user tries to rotate a rod-
like mesh through a position constraint, our length constrainp)tconverges irb
iterations, whereas [Huang et al. 2006] tak&SO0iterations (bottom).

4. Joint Limit Constraint For each constrained jointin the skele-
ton, we rst check if the relative orientation between the two
consecutive bones at the joint in its current state (encoded by



vImk 11y is beyond the imposed angle limits If so, the joint
limit constraint is activated. For the two borigsandb, adjacent
at the joint, we implement our joint limit constraint by adding the
following energy term into the deformation energy:

1K ;K] 1k 2
Emk= & (UM ik - glmic
(i:))2pairgby;bz)
where q-[»m;k Uis the target vector (i.e., distance and direction)

ij
between tetravertices to enforce joint limit.

The three possible degrees of freedom for a joint can be expresse

by the direction thab; is along (2 DoF's) and by how mudhy

is twisted, relative tdo;. If the limit of the former is violated,
we try to alignby to the closest direction that does not violate the
limit by aligning vi vj to gj, wherei and j are the two ver-
tices of the bones not shared by each other. If the latter limit is

SN\

Figure 14:Placing virtual vertices in rigidity constraint: given the positiofithe four
tetra-vertices a, b, ¢ and d resulting from the previous thread, wedetermine the
bisector (blue line) of the dihedral angle (red lines and arc) formedHeytioneab
and its two neighboring faces that goe;}hro@\s midpoint m (left). We determine
a point s on the bisector such thiamg = -Zjabj (middle). We then nd¢and d’such
hat s@ and s are perpendicular to botfab andms with their lengths beingjabj
right). The vertices%and dare used as the new positions of the virtual vertices.

4.3 W-Phase: Direct Optimization

exceeded, we align the displacement between the virtual verticesThe W-phase does not require any speci ¢ treatment as the con-

of by (and/orb;) to a direction that satis es the twist angle limit.
To determine the closest directions within joint limit, we could

rotate both bones to change their relative orientation. In order to

straints are much milder. Therefore, we use only one thread and the
quadratic objective function to minimize is simply set to:

get more balanced results, instead of xing one of the bones or E= LXK gxk 1 2+ AxK R 2

distributing the rotation evenly to both bones, we distribute rota-
tion proportionally to changes in the direction of the two bones in
the previous threads it indicates the susceptibility of each bone

to rotation. Figure 13 shows that this simple strategy gives very

natural results.

Figure 13:Enforcing Joint Limit Constraints: a 2-link rod-like mesh is bevith its
one end held xed. Without joint limit constraint, the xed end neveates (top).
With joint limit constraint, a naive approach to derive a targetedtion during the
optimization can lead to an undesired rotation of the link with >t (bottom left).
Using our approach to get the target direction, the xed end does ntteo(bottom
right), behaving as expected.

5. Rigidity constraint For each boné, we implement our rigid-
ity constraint by adding the following energy term into the defor-
mation energy:

é, vi[m;k] v[jm;k]
(i;j)2tetra(b)

di[Jm;k 1]

Es(m; k) = lij

wheretetra(b) is the tetrahedron of bonie, di[;";k U gives the
target direction antl; gives the target length as de ned in Eq. (6).
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Notice that this energy includes only the constraints involwiig
(i.e, the Laplacian, position, and smoothness constraints). Fig-
ure 15 shows how optimizing vertex weights reinstates the shape
and details of the mesh.

Figure 15:Optimizing Vertex Weights: the Armadillo model (left) is deforntelbok
like a sprint athlete on the nishing line. The arm and legs éithdistortion after the
V-phase (middle). After optimizing vertex weights, the arm and &gsver their shape
(right). The red curve shows the deformation energy, while the green shoxes the
L2 norm of the distance between two consecutive meshes during the ofitimiza

4.4 Polishing Phase: Full Space Postprocessing

Our optimization procedure heavily bene ts from the fact that we
use a skinned mesh. However, a major shortcoming of all SSD
methods is that excessive deformation can result in the collapse of
joint regions (see Figure 7). To avoid this situation when high-
quality meshes are desired, we process the result of our optimiza-
tion by further optimizing the vertex positions directlyfirl space

(as opposed to the subspace they were constrained to via vertex
blending while satisfying the IK constraints). For each bone, the

Many possible target directions can be used. Since we aimto keep "~ . . i . . X
the directions of the bones affected as little as possible, we found vertices with a single weight of 1 (i.e., most of th'.a vertices) are
the following approach to provide the best results. Instead of ob- .m.amtallned xed. .The rest of the mgshe(., the vertices around

taining the direction through polar-decomposition, which may un- joints) is automatically deformed using the two-step method as

: ot : described in [Lipman et al. 2005]. Speci cally, the harmonic
desirably change the directions of bones, we simply move the two . 8
virtual vertices to positions that make the tetrabone regular while eld [Zayer et al. 2005] of the transformations is rst used to mod-

maintaining the bisector of the dihedral angle of the bone itself gyfthe Lgplaci?]n. coorldindatest(r)]f :htﬁ join@ ye{tice?, then tthe Tﬁl'
(as described in Figure 14). eformed mesh is solved so that these joint vertices satisfy these

Laplacian coordinates. Since this postprocessing is only performed
on the vertices near joints, the added overhead is insigni cant. See
Figure 7 for an example of postprocessing.

1in general, joint limits are speci ed as a subseSfH(3), or of the unit
quaternion ball, or as ranges of Euler angles.



This level of interactivity, along with the numerous design con-
straints we introduced (automatic balancing and most-rigid con-
straints in particular), makes our interactive mesh deformation
framework a truenesh puppetryworkshop: the user can easily ma-
nipulate an inanimate mesh to create natural, life-like poses in no
time, and our position constraint, when used with length/balance
constraints, is akin to a puppeteer pulling the strings of a puppet.

5.1 Interactive Multiple-Object Deformation

Rather than handling individual models, our system can naturally
support simultaneous deformation of multiple objects. With the
features de ned in this paper, complex deformation tasks on multi-
three parts: a horse, a warrior, and a spear. The warrior is gluedo the saddle of ple queCtS Can be de n.Ed ef ciently and_lntwtl\_/ely: In partlcu_lar,
the horse and the spear is glued into the warrior's left hand. Aabee constraint is relative positions of _ObJeCtS Ca_n be easily mamta'_ned_ or adjusted
applied to the warrior, with his hips set as supporting area. Jaiet limit constraint through common point constraints. For example, in Figure 16 the
is applied to the wrist to prevent it from bending too much. Ediimperformed by ~ Wwarrior and his horse are two separate meshes, maintained into one
manipulating the horse's forelegs, the warrior's head and tireation of the spear single entity by constraining the warrior's hip onto the horse's sad-
(middle and right). Notice how the warrior automatically leansward to keep his dle and enforcing the balance of the warrior on the saddle. The user
balance on the saddle when the horse is moved (see accompanying video). can then raise the body of the horse: the warrior will automatically
lean forward in order to stay on the horse and maintain a natural
balance (Figure 16).

Figure 16: Deformation of Multiple Objects: The horseman model (left) consits

5 Applications and Results
Self-Collision Detection and Handling An important improve-
Our implementation of the two-phase cascading solver presented inment of our technique in the context of multiple-object editing is the
this paper is fast enough to allow direct manipulation of moderately treatment of collisions. Our cascading optimization solver enables
large meshes (50K+ vertices) in real-time on a dual-core Pentium (self-)collision detection and handling rather well, contrary to ex-
4 PC (see Table 1 for detailed timing and model statistics for some isting mesh deformation techniques. We achieve this collision han-
of the examples shown in this paper, and Figure 2 for the skele- dling by adding one more thread (of very low cost compared to the
tons used for our different examples). Notice that having all ve othersin order to maintain interactive rates). Each V-phase starts by
threads concurrently only slows down each step of the optimiza- performing a collision detection routine using the COLDET pack-
tion by 60% compared to solely enforcing Laplacian and position age [ColDet 2002]. In practice we use a fast, approximate collision
constraintsi(e., a single thread), demonstrating that our cascading detection using either bounding boxes, or the rigid mesh partition
approach makes ef cient use of each thread's progress to help theof each bone. If a collision is detected, we add a deformation en-
following threads. The temporal coherency of the mouse position ergy (inserted in between the Laplacian and the balance constraints)
throughout the design of new mesh poses results in quick conver-very similar to the length constraint case to force the middle of
gence of the various threads, as the difference between two conseceach bone to be suf ciently away from the other bone's center: the
utive poses is often small. For larger meshes we also reduce thetwo bones will thus move away from each other, preventing self-
number of threads to three during realtime interaction, running the collision. Figure 17 shows a result of this collision handling where
full ve threads only as a nal, polishing phase when the user stops the armadillo performs a ballet routine: since the motion capture
dragging the mesh around. Larger meshes can even be rst sim-data comes from a real dancer with a much less prominent torso, the
pli ed via mesh decimation for their interactive manipulation, then armadillo shows a self-collision if no special treatment is provided.
nalized through optimization initialized with the optimal pose of ~Once activated, the collision-handling thread removes the issue and
the simpli ed mesh. Note that in our experiment and all the exam- the process is only slowed down by 5%. Note that while our simple
ples of this paper, it took from 5 to 10 iterations for the V-phase to procedure avoids most intersections and greatly improves the qual-
converge, while it usually takes 2 to 5 iterations for the W-phase. ity of the deformation results, we cannot formally guarantee self-
We thus recommend such an average scheduling for these two alintersection-free deformation results contrary to [von Funck et al.
ternating phases. Finally, we wish to point out that weighting of 2006].
various deformation energies can be used as a further tool to “tai-
lor” the way models react to constraint., to de ne an implicit
prioritization of the constraints—although we never had to recourse
to this option in our tests.

To validate the ef ciency of our cascading approach, we imple-
mented a brute-force solver that minimizes the total energy di-
rectly via repeated Gauss-Newton iterations as shown in [Huang
et al. 2006]. That is, each iteration of the brute-force minimization
is exactly the same computational complexity as our last thread.
However, our cascading approach pays off nonetheless: the con-
vergence time for a deformation of the Armadillo K30ertices) is
0:45s in our case, compared to 17s for the brute-force way. The
difference in timings is explained by the huge discrepancy in itera-
tions needed for convergence: we converge in 10 iterations of our
cascading solver, while brute-force solving requires over 1000 iter- Figure 17: The Armadillo Dance: Motion retargeting of long sequences inevitably
ations. So despite the larger cost of our iterations, the total timings induces self-collision. With our self-collision handling, the hafithe Armadillo does
are dramatically improved. not penetrate his thorax as it dances.




[ model [[ #vertices | #bones| #tetravertices [ 1thread | 2threads | 3threads [ 4 threads [ 5 threads |

Horse 8,431 23 70 169 116 95 77 65
Cavalry 17,808 24 75 98 67 54 43 37
Camel 21,887 19 58 77 53 43 35 30
Dinosaur 25,002 17 52 63 45 37 30 26
Armadillo 50,002 18 55 39 26 21 17 15

Table 1: Performance statistics, including sizes of the meshes and the fipenaecond (fps) rates that we achieved when using only a few or all reads in our cascading
optimization solver. All timings reported here were measured on @l322Intel Xeon workstation with 4GB RAM.

5.2 Deformation Transfer and Motion Retargeting down on the ground, we created a simple skinned camel, and then
transferred the animation onto this skinned mesh. We can further

Our framework can be used tansfer the pose of a model to an-  edit this animation by adding IK constraints (here, length and joint

other very easily: this pose transfer is achieved by establishing a limit constraints) to signi cantly alter the motion with very little

few correspondences between the original model and a target mesHhuser interaction: the camel now appears to slip on an icy surface

and applying our deformation algorithm. As demonstrated in Fig- (Figure 19 shows snapshots).

ure 18, we can put point constraints on the legs, head, neck, and tail

of some existing cat's poses and transfer them onto a horse while

asking for the horse's limbs to keep their length and rigidity. Al-

though the horse's neck and legs are longer than the cat's, our mesh

deformation procedure successfully produces plausible results in-

teractively.

We can also transfer a whole existing animation to a skinned mesh

by transferring each individual pose across time. A few correspon-

dences are de ned on the very rst frame and derived automatically

for the rest of the animation (we suppose here that the model dis-

cretization remains the same throughout the animation). Putting

these correspondences as position constraints for another skinned

mesh, and minimizing the resulting deformation energy for each rigure 19: camel Falling: the falling motion of the cloth-like camel (top ravaur-

frame will automatically re-target the motion. Since the previous tesy of [Sumner and Pop@vR004]) is transferred onto a skinned mesh of the same

pass is used as the initial condition of the next pose's optimiza- camel; the use of length, rigidity, and joint limit constraintsuhatically changes the

tion, we obtain excellent time coherency (see our accompanying animation (with little user supervision), as the camel now seemsgaslice (bottom

video). One can de ne additional IK constraints to enforce specic row).

characteristics of the target mesh so as to best capture the initial

animation while sticking to the constraints of the target mesh. For

instance, adding a limp to a character only requires enforcing a stiff

knee by adding a joint limit constraint: the original animation will

be followed as closely as possible while preventing any bending

of the knee (see accompanying video for such an example on the i )

Armadillo). (Note that er) d())/ n%t have restrictions on thg format t_he_ (_:haracter's_ reach), the position constraint and the length and
rigidity constraints can start conicting a lot. Consequently, the

of the source animation: it could be a mesh sequence, or even a] th/riaidit traint | be ful lled ibly lead
point-set sequence (tracker positions). We do not have restrictions.c19tVgidity constraints may no jonger be ful fied, possibly lead-

on the compatibility between skeletons of the source animation and ing to unnatural defqrmatlon—althpugh altering the weight of these

skinned mesh either. In fact, only a few correspondences and theconstraints can partially resolve this issue.

skeleton of the resulting skinned mesh animation needs to be spec-

i ed. Note that the resulting animation is compactly represented by 6 Conclusion

a series of skeleton poses together with a set of weights for vertices

near joints. We have presented a variational approach for mesh puppetry. Our
framework supports direct manipulation of vertices in the mesh,

In the accompanying video, we show another example of motion re- various IK-based deformation constraints, and self-intersection

targeting. Using as reference the cloth-like camel animation falling avoidance. Our solver, using a novel two-phase cascading optimiza-
tion procedure, provides an ef cient numerical tool to solve the op-
timization of all the constraints. Our experiments demonstrate that
our custom solver can handle meshes with 50K vertices in realtime
(15 frames/s) on a dual-core Pentium 4 PC. We have also shown
that several applications can bene t from this fast solver, including
deformation transfer and collision detection/handling.

Limitations ~ Our approach can only handle articulated models,
and does not apply to the modeling of plastic deformations. An-
other limitation comes from our soft constraint enforcement. If
a handle is draggetbo far from the character (i.e., far from

The applications of such a framework are manifold. First, our

solver's strategy could be used in games to improve the ef ciency of

realtime animation. An intriguing application would also be to of-

fer an interactive platform falemplate matchingmedical datasets

of body parts (with known structures and speci cities) could be

mapped to a particular patient's part through a fast and simple user-
Figure 18:Pose transfer: various poses of a cat can be transferred onto a hardelm guided procedure based on our approach—potentially providing an

through a few point constraints, despite the disparity of teekrand leg size between extremely robust shape matching. As for future work. we wish to
the two animals. ’



develop additional high-level constraints to further improve design

ef ciency.
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